ABSTRACT: Pancreas disease (PD) is an emerging disease in salmon farming caused by the salmonid alphavirus (SAV). SAV is evidently spread horizontally between neighbouring salmon farms, but whether such transmission occurs by passive drift in the water current or via fomites is not known. We tested whether hydrodynamic modelling contributes to explain the spread of PD, in which case SAV is likely to spread by passive drift. We present a simple logistic regression model that accounts for the effect of PD in the neighbourhood on the probability of acquiring PD in cohorts of farmed salmonids from an area on the west coast of Norway between 2005 and 2008. For a given cohort, we calculated infection pressure (IP) based on Euclidean distance, seaway distance or estimated water contact to sites with PD, and compared the amount of variance explained in the regression model by the different variants of IP. Water contact between a discharging farm site and a receiving site was calculated by simulating particle discharge using a hydrodynamic model. IP estimated by water contact was the best predictor of PD cases and controls in the model, which performed significantly better than IP estimated by seaway distance or Euclidean distance. Since the spread of PD in the study area was best explained by modelled water velocity, we conclude that PD is likely to be spread by passive drift of SAV in the water current.
INTRODUCTION
Pancreas disease (PD) is an emerging disease in salmon farming caused by the salmonid alphavirus (SAV; Weston et al. 1999) . The numbers of outbreaks of PD in Norway have increased markedly in recent years, and the disease is among the most significant diseases in salmon farming (Fringuelli et al. 2008 , Kristoffersen et al. 2009 ). Large-scale studies of factors associated with the risk of contracting PD in farmed salmonids have found that the single most important factor is the infectious status of proximate farms, suggesting horizontal spread of SAV between neighbouring farms (Kristoffersen et al. 2009 ). Phylogenetic studies of SAV from clusters of PD outbreaks in Scotland and Ireland also support local farm to farm transmission (Fringuelli et al. 2008) . Experimental studies of SAV survival in seawater suggest that passive spread of the virus between fish farms in the water current is possible ). However, whether SAV is transmitted between farms directly through passive drift in the water or indirectly via fomites is not known. It has also been suggested that salmon lice Lepeophtheirus salmonis Krøyer, 1837 may act as vectors for SAV transmission and the spread of PD (Rodger & Mitchell 2007 , Petterson et al. 2009 .
The main task of the present study was to test whether hydrodynamic modelling contributes to ex-plain the spread of PD, in which case SAV is likely to be transmitted between fish farms through passive drift in the water current. One complicating factor in this task is the timeframe of events related to the infection processes versus the hydrodynamics. The data available for studying the spread of PD consist of the time and location of recorded outbreaks of the disease. The time delay between an infection event on a given site and the subsequent recording of a disease outbreak, or the actual distribution of the infectious agent SAV over time, are not known. In comparison, coastal waters are highly dynamic and currents that potentially may spread SAV between sites are constantly affected by winds, tides, fresh water discharge and other factors. Hence, rather coarse simplifications of both hydrodynamic processes and the dynamics of SAV infection and transmission are necessary in order to model the potential spread of SAV directly through passive drift in the water current. However, simple transparent models may be useful in aiding decision making aiming to control or prevent disease emergencies (Murray 2008) . Detailed hydrodynamic models are complex, but more or less simplified versions, and more complex particle tracking models, have been used extensively to assess the spread of salmon lice from salmon farms as well as the spread of viral diseases in aquaculture (Murray et al. 2005 , Stucchi et al. 2005 , Amundrud & Murray 2009 ). Tidal currents have also been shown to affect the spread of infectious salmon anaemia (ISA) in the Quoddy region of Atlantic USA and Canada (Gustafson et al. 2007) . Simple tidal models were used to design a control regime that was used to eradicate ISA from Scotland (Stagg 2003) .
Here we present a simple logistic regression model that accounts for the effect of neighbourhood PD status on the probability of acquiring PD in cohorts of farmed salmonids from a study area on the west coast of Norway between 2005 and 2008. For a given cohort, neighbourhood infectious status is expressed as a time varying exposure to infection from proximate farm sites where the fish are undergoing outbreaks of PD. This exposure we term infection pressure (IP; Kristoffersen et al. 2009 ). We calculated different variants of IP based on Euclidean distance, seaway distance or estimated water contact to PD outbreak sites, and compared the amount of variance explained in the regression model by the different variants of IP. To calculate our estimate of water contact between farm sites, we used a 3-dimensional hydrodynamic model covering the study area. The calculations rely on particle discharge modelling from each of the farm sites over a modelled period of 1 wk. Our estimate of water contact between a discharging site and a given receiving site was based on the time from particle discharge to when a concentration of particles above the background level was attained on the receiving site, and the total particle concentration registered on the receiving site over the modelled week. We tested whether IP calculated on the basis of water contact is a significantly better predictor of acquiring PD in the study cohorts than other variants of IP. If so, this would suggest that PD is spread by passive drift in the water current.
MATERIALS AND METHODS
Hydrodynamic modelling. The Regional Ocean Modelling System (ROMS) with a horizontal resolution of 150 m was used for hydrodynamic modelling (Haidvogel et al. 2008) . The vertical coordinate is terrainfollowing, and the model had 20 layers, with thickness around 1 m near the surface and between 1 and 8 m near the bottom (for water depths of 20 and 100 m, respectively). Water current, sea level, salinity and temperature were calculated for each grid cell and water layer. The model can also calculate concentrations of discharged substances with neutral buoyancy.
The model was driven by the coastal current, the most important semidiurnal (M2) and diurnal tide (K1), freshwater inflow and wind. The starting conditions for the model were entered from a larger scale ocean model of the Norwegian coast with 4 km horizontal resolution (MI-POM) that is run by the Norwegian Meteorological Institute (http://met.no/English/R+D_ Activities/Oceanography/Numerical_ocean-models/). The coastal current was included in the MI-POM model, and water current, sea level, salinity, temperature and tide were specified as boundary conditions at the edges of the model area. The freshwater inflow was specified as point sources, and the wind was specified in each grid cell inside the model area.
The ROMS model was set up for an area of 2625 km 2 in Sogn and Fjordane County. Within the area, there were 25 marine sites that farmed salmonids at some point in time during the study period, and 1 processing plant with holding pens for pre-slaughter salmonids (Fig. 1) . The model was run with 5 m s -1 wind from NW, which according to wind measurements from Florø Airport (Fig. 1) . This roughly corresponds to the annual mean inflow of fresh water in the area (http://arcus. nve.no/website/nve).
In the initial phase of the set up of the ROMS model, the model calculations were compared to current measurements from 22 sites (Staalstrøm 2009 ). The results showed good agreement in both current direction and speed in the surface layer (0 to 5 m), in the intermediate layer (5 to 20 m) and below 20 m. Most of the sites were located in the central parts of the study area ( (Fig. 1, Table 1 ). Measurements were taken at a depth of roughly 10 m. This depth was chosen to avoid conflicts with ship traffic.
Water contact between the marine farm sites in the study area was studied by simulating particle discharge at time t 0 from the sites, and then modelling the particle concentration in the area over 1 wk. One week corresponds roughly to t 1/2 values for SAV survival in non-sterile seawater at temperatures around 10°C ). The concentration of particles in the top water layer covering receiving sites was monitored during the 1 wk model period. Water contact in the direction of a discharging site j to a receiving site i was estimated as:
( 1) where WC ij is relative water contact (no dimension), T is the time (h) from discharge to when the concentration of discharge substance is above the background level at the receiving site, and A is the area under the concentration curve. The function is constructed such that low values of response time (T) and high values for concentration (A) yield low values for the water contact parameter and indicate high degrees of water contact between sites. The logarithmic scale was used to improve the assumption of a linear association on the logit scale. Parameters were scaled such that water contact values are comparable to physical distances. A cross-tabulation matrix of WC ij including only farm sites with a PD record as discharging sites is given in Table 2 .
To test the sensitivity of wind direction and the timing of the substance discharge in the model, 2 additional cross-tabulation matrices of WC ij were calculated (not shown): (1) the wind was changed to SW (5 m s -1 ); (2) timing of the substance discharge was changed from t 0 to t 6 (h), corresponding approximately to a 180°phase shift in the tidal current.
Fish cohorts, case and control data. In Norway, operators of marine sites farming Atlantic salmon Salmo salar L. and rainbow trout Oncorhynchus mykiss (Walbaum) are required to report key production statistics to responsible authorities on a monthly basis. These statistics are linked to a farm site identity which is geo-referenced in the Aquaculture register of The Directorate for Fisheries (http://www.fiskeridir.no/fiskeridir/akvakultur/ registre). From the production statistics data, a total of 32 cohorts of salmonids that were initiated and terminated in the period from January 2005 to July 2008 were identified and entered in the study (Table 3) . Although 2 of the PD cohorts were not terminated by July 2008, they were included in the study because of their impact on infection pressure. The period from initiation to termination of a cohort covered the whole marine grow-out period for the cohorts. Cohort biomasses and Table 1 . Geographical coordinates, measurement period and specifications for the instruments used for current measurements at 4 stations (see Fig. 1 ) in the study area fish numbers were compiled for each month of the grow-out period. Nine of the cohorts were moved from 1 farm site to a new site during the grow-out period. All movements were between farm sites in relative proximity ( Fig. 1 , Table 3 ). For cohorts that were moved, exposure to infection pressure for consecutive months (see below) was calculated for the respective sites at which the fish were located. Routine fish health surveillance in Norwegian salmon farming is partly the responsibility of the fish farmer, but partly there is also a mandatory system of on-site inspections by veterinarians or certified fish health biologists. For the marine sites in the present study, the requirement is 6 routine inspections yr -1 when holding > 50 000 fish, with a maximum of 3 mo between inspections. During inspections, necropsies of a representative sample of dead or moribund fish should be conducted, especially focused on detecting notifiable diseases such as PD. These regulations are enforced by the Act of 14 June 1985 no. 68 relating to aquaculture (www.ub.uio.no/cgi-bin/ujur/ulov/sok.cgi).
Records of clinical diagnosis of PD on identified sites in the study area, and the month of the diagnosis, were compiled from Kristoffersen et al. (2009) . Salmonid cohorts where PD outbreaks were recorded were assigned to the case class, and cohorts where no PD outbreak was recorded were assigned to the control class. In total, 10 PD case cohorts and 19 control cohorts were assembled. The first PD case in the area (the index PD case; S1 in Table 3 ) was excluded from the case class in the final analyses (see below) since this cohort by definition could not have been exposed to infection pressure by any other PD case in the study area. It is assumed that cohorts are independent units of study, although some cohorts appear successively at the same sites. There was always a period of fallowing (at least 1 mo) between successive cohorts at the same site (Table 3) .
A detailed account of all salmonid cohort data and PD disease data (Fig. 1, Table 3 ) was presented to the responsible operators of the farm sites for verification of the data. Seaway distances between farm sites were compiled from Kristoffersen et al. (2009) , and Euclidean distances were calculated from site coordinates.
Infection pressure. We assumed that a cohort undergoing a PD outbreak was infectious. The duration of infectivity was defined to start 2 mo prior to the month when the clinical diagnosis of PD was recorded in a given cohort, and to end when the cohort was terminated. The start definition was to take account of a time delay between the early phases of disease propagation and a subsequent PD outbreak being recorded. PD is 38
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Discharging sites j sites i S2 S10 S9 S7 S8 S6 S5 S4 S3 S1 S12 S11 S 2 0 6 3 6 7 8 1 8 3 -------S 2 5 7 6 3 0 3 4 9 4 --------S 1 0 -0 1 5 5 9 6 5 -8 6 8 3 ----S 1 6 -5 9 2 4 5 8 6 3 9 4 8 3 7 9 ----S 9 9 9 9 9 0 5 0 5 7 8 6 7 4 7 0 -- Table 2 . Cross-tabulation of water contact (WC ij ) between discharging sites j and receiving sites i for all farm sites hosting salmonid cohorts (S1-S25) in the study area. Only farm sites with a pancreas disease (PD) record are tabulated as discharging sites. The calculations are done with prevailing winds from NW (5 m s -1 ) in the particle discharge model diagnosed following increased mortalities and advanced clinical symptoms. The time delay probably varies between outbreaks, but published data to evaluate this are limited. Here we fixed the time delay between the early phases of disease propagation and a subsequent PD record to 2 mo. This was partly based on re-visiting the data presented by Kristoffersen et al. (2009) . These data show that the 5th percentile shortest time span from when smolts are put to sea in a PD-exposed area until PD is recorded is 3 mo. Furthermore, mortalities are reported to be induced after about 1 mo post PD infection (McLoughlin & Graham 2007) , and it may take months for SAV to spread between cages on a farm (Graham et al. 2005) . Based on this information, our best guess for a fixed time delay was 2 mo. The definition of the end of an infective period was set to cover the whole period until an infected cohort was terminated. SAV can persist over extended periods of time (≥265 d post first detection in 2 Irish farms; Graham et al. 2009 ). The sensitivity of the definition of duration of infectivity was tested by changing the period to start 1 mo prior to the PD record and end at termination of the cohort; and to start 1 mo prior to the PD record and last 2 mo after the month of the PD record.
A susceptible cohort at a given site i is assumed to be exposed to SAV infection from proximate sites at which there are infectious fish. The exposure from a given site j to i is inversely related to distance between the sites, or to the relative water contact (WC ij ) between them. Furthermore, exposure from site j may PD fish were moved to the neighbouring site S9 from where they continued to contribute to infection pressure for 11 mo Table 3 . Cohorts summarised according to pancreas disease (PD) status (year and month of diagnosis), site, the start and end month at the site (i.e. the year and month the cohorts were put on the site and the year and month they were harvested), species (Sp; Atlantic salmon: S; rainbow trout: T), the mean start and end fish weight, the maximum number (in 1000s) of fish (maxN) and mean infection pressure (IP, scaled to have unit variance) based on water contact, squared sea distance (IP sea ) and Euclidean distance (IP euc ). An 'IPsite' is a cohort that is not included as a case or control, but does contribute to infection pressure. The column 'Moved' denotes whether the cohort was moved from a previous site, and the number of months at this previous site is given in parentheses. By reporting the IP variant with the lowest Akaike information criterion (AIC) value (see Table 4 ), IP based on water contact includes biomass at infectious sites, and IP sea based on squared sea distances includes number of fish at infectious sites also depend on the number of fish or the biomass at the site. The sum of SAV exposures from PD outbreak sites towards a given site at a given time was termed infection pressure (ip), and was calculated for each month using Eq. (2):
where i is the site for which the infection pressure (ip i ) is calculated in month t; N PD (t) are all sites hosting a cohort of fish with a PD outbreak in month t; x j (t) is defined as 1, the maximum number of fish at site j at time t, or the maximum biomass at site j at time . The reasoning for inserting biomass or the number of fish for x j (in contrast to assuming x j = 1) was that infectiousness of an infected site was assumed to be a function of the biomass or the number of fish at this site.
To express accumulated infection pressure for cohorts, we used the mean monthly ip covering the cohort lifespan for controls, and cohort lifespan until the month of the PD record for cases. This mean infection pressure for cohorts is denoted IP. In order to check the sensitivity of accumulating the monthly ip, we tried out 3 different alternatives: mean monthly ip, maximum monthly ip and the maximum of 6 mo moving window averages of ip. Among these 3 alternatives, mean monthly ip was selected for IP because the percentage of deviance explained was highest and the Akaike information criterion (AIC) value was the lowest for this alternative (results not shown).
Due to the limited number of case and control cohorts, we did not include explanatory co-variables other than IP in the analyses.
Statistical analysis. Univariate logistic regression was used to evaluate the association between the probability of a PD outbreak record and the different variants of mean infection pressure:
where p i is the probability of a PD outbreak record in c i , the ith cohort; α is the intercept term; and β is the regression parameter for IP. AIC was used to compare the goodness of fit (variation explained) between models with different variants of IP.
RESULTS
Unless otherwise stated, results based on ROMS modelling refer to wind set to NW (5 m s -1 ) and particle discharge at t 0 .
There was reasonable agreement between measured and modelled observations of current directions, with a tendency for measured observations to be slightly more widespread than modelled observations (Fig. 2) . The highest measured current velocities, probably associated with maxima in wind speed, were not reflected in the model calculations (Fig. 3) . However, for stations C1-C3, the modelled current velocities were generally higher than measured, whereas for station C4, modelled velocities were lower than measured (Fig. 3) .
The estimates of water contact (WC ij ) from discharging PD outbreak sites to all receiving sites hosting salmonids in the study area are given in Table 2 . Characteristically, there was a pronounced asymmetry in the direction of water contact between sites. This is illustrated by site S5 from which 12 sites in northerly, westerly and easterly directions receive water, whereas S5 only receives water from 4 of these sites (S4, S6, S8 and S14). A further characteristic is that some farm sites discharge water to many other farm sites, e.g. S5, whereas some farm sites do not discharge water to any other farm sites (S3 and S11).
Changing wind from NW (5 m s ), or the timing of substance discharge, generated only slight changes in the water contact matrix. Most importantly, the pairwise sites showing water contact were consistent between the 3 variants of the water contact matrices. Average maximum differences of WC ij (absolute values) for each discharging site j were 8 and 10 when wind direction and timing of substance discharge were changed, respectively. PD was diagnosed in 13 salmonid cohorts in the study area during the period January 2005 to July 2008. The timing of the PD diagnosis varied between 4 and 16 mo post stocking on given sites (Table 3) . Excluding the index PD case, as well as 2 cohorts that had not been terminated prior to August 2008, there remained 10 PD cohorts (cases) and 19 cohorts for which PD was not detected (controls). Three of the PD cohorts as well as 5 of the control cohorts were moved from 1 site to a second site during the marine grow-out period (Table 3) .
Infection pressure (IP)
When IP was estimated on the basis of water contact, only 1 out of 10 PD case cohorts was not exposed to IP. For control cohorts, 9 out of 19 were not exposed to IP (Table 3 ). The 2 case cohorts (cases 5 and 6) on the neighbouring sites S6 and S7 were exposed to the highest mean infection pressure of all cohorts (Table  3) . When IP was estimated on the basis of Euclidean or seaway distances, all cohorts were by definition (Table 3 ). The control cohort consisting of rainbow trout (cont 17) that was moved after 5 mo from S24 to S23 was exposed to high IP irrespective of the basis for estimation, but especially high for IP based on squared seaway distance (Table 3) .
Logistic regression
The logistic regression model (Eq. 3) was fitted to variants of IP. For IP based on water contact, the probability of a cohort ending with a recorded PD outbreak increased significantly with increasing IP (p = 0.02, Table 4 , Fig. 4) .
For variants of IP based on Euclidean or seaway distance, there was no linear association between logit of the probability of a PD outbreak and IP. A generalised additive model (GAM) allowing for non-linear relationships for IP (with a maximum of 2 df for the spline function; Hastie & Tibshirani 1990) improved the data fit. This yielded a significant positive (non-linear) relationship between the logit of the probability of a cohort ending with a recorded PD outbreak and IP based on numbers of fish and squared sea distance (p = 0.05, Table 4 ). We ranked the models according to their AIC value (Table 4 ). The models best predicting PD cases versus controls were those with IP based on water contact. Among these, the version including biomass on infected farm sites showed the highest amount of deviance explained (37%) and a lower AIC. The nonlinear models for which infection pressure was based on squared sea distance did better than both Euclidean distance and non-transformed sea distance, but were inferior to the models based on water contact (Table 4) .
Sensitivity
Above we assumed that a cohort with a PD outbreak is infectious from 2 mo before PD is recorded and until the cohort is terminated. By reducing the infectious period prior to a PD record to only 1 mo, the rank of the models remained the same and the AIC values increased only slightly (max. difference in AIC = 1.8, cf. Table 4 ). When further restricting the infectious period to start 1 mo prior to the PD record and end 2 mo after the record, the overall results were the same and the best model was still the one with IP based on biomass at the infectious sites and water contact (AIC = 30.4). The linear relationship between the logit of the probability of a cohort ending with a recorded PD outbreak and IP was significant (p = 0.03), and there was an AIC difference of 2.8 to the best model with IP based on squared seaway distance.
To test the sensitivity of altering wind direction and the timing of the substance discharge, the water contact matrix used to estimate IP was substituted by the alternative matrices: wind SW (5 m s -1 ) direction or timing of the substance discharge from t 6 (h). This did not significantly alter the results. The numbers of exposed and unexposed case and controls were exactly the same under the different scenarios. Compared to the original water contact matrix, AIC values for logistic regression models of IP based on the variants of water contact (see Table 3 ) did not differ by more than 1 unit if estimated by using any of the alternative matrices of water contact.
When accumulating infection pressure, there is a potential bias between cohorts exposed late versus early in their production cycle. However, alternative ways of accumulating infection pressure (maximum monthly ip or maximum of 6 mo moving window averages of ip) all selected the logistic regression model with IP based on water contact and biomass on infected sites as the best one (smallest AIC value; results not shown). This may suggest that the results are not very sensitive to the potential bias in IP. 
DISCUSSION
This study presents a simple statistical model that accounts for the effect of exposure to SAV infection from proximate fish farms with PD on the probability of acquiring PD in farmed salmonids. Exposure to infection as expressed by infection pressure using water contact between farm sites showed to be the best predictor of PD cases and controls in the model. Infection pressure based on water contact performed significantly better than seaway distances, which in turn performed significantly better than Euclidean distances. Since the spread of PD in the study area was best explained by modelled water velocity, we conclude that the study supports the hypothesis that PD is spread between fish farms by passive drift of the infectious agent SAV in the water current.
We are only aware of one earlier study that has shown an effect of current velocity on the spread of aquatic diseases, which was a study on the spread of ISA in the USA and Canada (Gustafson et al. 2007) . However, many studies have addressed the local horizontal spread of aquatic diseases and have suggested that passive drift of infectious agents is a plausible explanation (e.g. Jarp & Karlsen 1997 , Fringuelli et al. 2008 , Kristoffersen et al. 2009 ). One difficulty in showing that water currents play a role in spreading diseases is the timeframe of events relating to hydrodynamics versus disease dynamics. The aquatic environment is a highly dynamic system where current velocities are constantly influenced by winds, tides, freshwater inflow and other factors. This implies that forecasting movement of water by modelling becomes increasingly uncertain with time. The hydrodynamic model was run for 1 wk for the estimation of water contact between farm sites. This was then used to model the spread of a disease where the limited information available is the point in time where an outbreak is recorded in a cohort of fish. It is not known when the actual infection event on a given site happened, but the time between event and record is likely to vary between outbreaks. It is also unknown how the disease propagates in infected cohorts, and how this varies between cohorts. Disease propagation probably affects infectivity over time, and hence local infection pressure. The present solution to overcome the apparent mismatch in timescales for the hydrodynamic processes compared to the disease processes is that we assume that the water contact matrix (Table 2) is generally valid over time. The sensitivity of this assumption was partly tested by changing the wind conditions in the model, by changing the timing of discharge of the modelled particles, and by validating the model through measurements of stream velocities. Reasonable agreement between measured and modelled observations of currents, as well as relatively small effects of changing wind conditions and discharge timing in the ROMS model, suggest that the water contact matrix is generally valid over time. We interpret the agreement between measured and modelled observations of currents as an indication that the tides dominate the current conditions in the area, and let this justify the fact that limited effort was put in analysing wind effects. Winds obviously also influence the currents (Amundrud & Murray 2009 ). Nevertheless, a possible explanation for why the tides seem to dominate current conditions and the spread of SAV infection between farm sites may be related to the timescales involved. A typical timescale for spreading infections between sites is on the order of days. Wind direction typically varies from 0 to 360°during 1 d in the study area. Long-lasting winds from 1 direction are rare, so in a time span of 1 wk, wind effects are averaged out and the predictable tidal current pattern dominates.
With respect to the disease dynamics, it was recently shown on a large scale that the most important predictor of PD outbreaks in salmonid cohorts in Norway was neighbourhood infectious status as expressed by infection pressure (Kristoffersen et al. 2009 ). This study along with the study of Graham et al. (2007) , suggests that SAV is contagious and sufficiently viable in the aquatic environment to be a good candidate for testing possible effects of water currents on the spread of PD on a local scale.
One important contribution from this study is the tabulation of relative water contacts between farm sites in the study area (Table 2 ). This table is potentially useful in risk assessments aimed at controlling and preventing disease emergencies (Murray 2008) . For example, it may be used by the operators of the farm sites as a basis for developing an early warning system with respect to infectious diseases in the area. An operator of a given farm site should then pay special attention to upstream farm sites in water contact. Obviously, such a system applies only to infections that transmit by passive drift in the water current, such as suggested for the viral diseases ISA (Gustafson et al. 2007) and PD (present study). It must be emphasised, however, that the present ROMS modelling that generated Table 2 was done with limited settings for the driving forces for the hydrodynamics. Altering these settings may alter the quantities of relative water contact between sites, and there is a need for further exploration of the sensitivity of ROMS to varying environmental conditions. Nevertheless, the present increased predictability of PD outbreaks using water contact compared to physical distances recommends knowledge on hydrodynamics as the basis for assessing risks of local disease spread.
There are 2 noticeable features of the estimated water contact matrix. First, the number of receiving farm sites for the discharging farm sites was relatively variable. Farm sites that discharge water to many other farm sites may play a key role in spreading diseases locally. Second, there was a pronounced asymmetry in contact direction such that farm sites discharging water to a given farm site are not the same as those which receive water from the given farm site. This is because current directions are not evenly distributed, which is clearly illustrated in Fig. 2 . Both of these features are worth considering when assessing risks of local disease spread. It may, for example, be recommended that hydrodynamic modelling should be used to assess locations of new sites for fish farming with regard to water contacts with neighbouring farm sites.
Exact knowledge on how diseases spread is essential for designing targeted control measures. By using hydrodynamics to explain the spread of PD, we disentangled 1 specific transmission pathway for SAV, viz. transmission by passive drift, from many potential pathways that may operate locally (see Kristoffersen et al. 2009) . Along with having shown that water currents spread PD, although for a restricted dataset, the water contact relationships can be used to predict the spread of PD locally. Hence, knowledge on local water contact relationships will allow risk-based surveillance and targeted control measures for diseases that spread by passive drift. 
